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Introduction
Understanding strategies to increase pro-social behavior is of major interest across the social sciences. The sizeable mechanism design literature has identified innovative tax-subsidy rules to reduce free-riding in the presence of public goods when a central authority can enforce the rules (Clarke 1971 , Groves 1973 , Groves and Ledyard 1977 . In comparison to the mechanism design approach, we investigate a real-world mechanism designed to increase pro-social behavior in a public good environment, namely, team competition.
Our research question is whether team competition increases pro-social behavior in the field. A large body of experimental research in economics and social psychology has demonstrated that the existence of identity-based teams can increase public goods provision (Eckel and Grossman 2005) and improve coordination (Bornstein, Gneezy and Nagel 2002, Croson, Marks and Snyder 2008, Chen and Chen 2011). 1 However, one limitation of this research is that it has been conducted in a laboratory setting. Thus, it is an open question whether team competition increases pro-social behavior in a natural field setting, and if so, why.
Our research is conducted at Kiva.org, the world's first and largest peer-to-peer microfinance website. Kiva was created to help micro and small enterprises in developing countries, which comprise the largest group of employers in many developing countries. However, their growth is often stifled by a lack of access to credit and other financial services (Flannery 2007). To meet this large ongoing need for entrepreneurial support, Kiva provides a unique opportunity to increase the participation of ordinary people around the world through the process of online microlending.
Founded in 2005, Kiva partners with microfinance institutions and matches individual lenders from developed countries with low-income entrepreneurs in developing countries as well as in selected cities in the United States. Through Kiva's platform, anyone can make a zero-interest loan of $25 or more to support an entrepreneur. As of January 2014, more than 1.5 million lenders across 208 countries have contributed $516 million in loans, reaching over 1.2 million borrowers in more than 73 countries. Through its online lending model, Kiva has transformed the entrepreneur lending landscape, creating a new form of capital market enabled by information technology.
Despite its success, Kiva faces a challenge in terms of lender engagement. Although the membership of Kiva, along with the number of loans made through Kiva, has increased greatly, only a few lenders give many loans, while most members give only a few or no loans (Liu, Chen, Chen, Mei and Salib 2012). Indeed, Premal Shah, the president of Kiva, indicates that many Kiva lenders lend once, but then never come back to the site, despite the fact that their loans have been repaid and thus they could make another loan at no additional cost. 2 To increase lender engagement, in August 2008, Kiva instituted a lending teams program, a system through which lenders can create teams or join existing teams. The lending team concept works as follows. First, any lender is allowed to create or join any number of teams. When that lender next makes a loan, a prompt asks whether to assign that loan to any of the teams the lender has joined. For a given loan, a lender may choose to assign it to either one team or no team. Once a team is created, it appears on Kiva's team leaderboard (http://www.kiva.org/teams). This leaderboard sorts teams by the total loan amounts designated to them by their team members.
Since 2008, more than 29,000 Kiva teams have been created, many of which are organized based on lender group affiliations such as school, organization, geographic location, religious affiliation, or sports. Of note, many of the highly ranked teams are identity-based, such as the "Atheists" and the "Kiva Christians."
To investigate the effect of team membership on pro-social lending behavior, we first conduct empirical analysis using naturally occurring field data. To further explore factors that differentiate successful teams from dormant ones, we run a randomized field experiment by posting forum messages designed to motivate lending activity. These messages relate to two possible underlying mechanisms that might affect team performance. One mechanism is team competition through goal setting. The second mechanism is team coordination to reduce transaction costs.
Our results provide both academic and practical insights. First, our study contributes to social identity research by demonstrating that group membership can be leveraged as a design tool to promote pro-social behavior in the real world. This approach takes social identity research from theory (Akerlof and Kranton 2000, Tajfel and Turner 1979) and the laboratory (Charness, Rigotti and Rustichini 2007, Chen and Li 2009) to the realm of market design and intervention. It also contributes to econometric by incorporating data mining techniques from computer science to analyze both numerical and text data. Finally, our study is directly relevant for Kiva and other online public goods sites looking to increase participant engagement.
Literature Review
Our paper relates to two streams of economic research -the role of group identity in public goods provision and the effectiveness of online microfinance in motivating lender behavior. In economics, there is a large body of research examining why people give to charities (Andreoni 2006b , Vesterlund 2006 . There is also a more recent literature that uncovers the positive effects of group identity and team competition on public goods provision and coordination. However, 2 Source: http://www.youtube.com/watch?v=aEC3OwKWgfc, retrieved on March 5, 2014. 3 these studies are largely based on results obtained in a laboratory setting. These laboratory results show that participants with a salient group identity contribute more to public goods under the voluntary contribution mechanism (Eckel and Grossman 2005), and coordinate to a more efficient Nash equilibrium in the context of the minimum-effort game ( However, one challenge in interpreting these findings is the question of whether they can apply to naturally occurring settings. One study provides a positive answer in a field experiment of fruit harvesting in an orange grove (Erev, Bornstein and Galili 1993) . In this setting, the authors find that team competition increases productivity, but they do not explore mechanisms which might cause such a team effect. By contrast, our study takes advantage of the Kiva online forum, which enables communication among team members, to explore mechanisms which lead to successful team lending in a field setting. We then use our findings from the team forums to design a randomized field experiment to explore the relative effectiveness of these underlying mechanisms in increasing lender activity.
A second stream of literature on the economics of microfinance largely focuses on the borrower side (Armendáriz and Morduch 2010). More recently, a few studies on online microfinance examine lender motivations (Liu et al. 2012), biases (Jenq, Pan and Theseir 2012) and sensitivity to transaction costs (Meer and Rigbi 2011). Focusing on Kiva, these studies find that lenders appear to favor more attractive, lighter-skinned and less obese borrowers. They are also more likely to fund loan requests from borrowers they perceive to be needy, honest and creditworthy (Jenq et al. 2012). In one field experiment on Kiva which varies the language of the loan requests, Meer and Rigbi (2011) find that untranslated requests take substantially longer to obtain full funding than translated ones, indicating that transaction costs arising from translation significantly deter funding speed. The authors also find that social distance plays a role in funding decisions. Closer to our study, Hartley (2010) reports observations of 120 lending teams on Kiva over a two-month period.
Specifically, the author compares team size and openness on group lending activities. However, the small sample size precludes an econometric analysis of the observations. 3 Lastly, using the Kiva API data from a shorter time horizon (May -September 2012) than ours (February 2006 -February 2012) and a different statistical model (linear mixed model), Schaaf (2013) independently studies the effects of team membership on lending behavior in his masters thesis, and concludes that team membership significantly increases loan amount but not loan frequency. His analysis on loan amount uses the same approximation as we do in Table 3 , both following the approximation method in our earlier work (Liu et al. 2012), and reaches similar conclusions as we do, whereas his coefficient on loan frequency is positive but insignificant, which might be due to a smaller number of observations. While Schaaf (2013) focuses on empirical analysis using naturally occurring data, our study also contains a randomized field experiment designed to explore mechanisms underlying the team effects.
Our study thus advances the existing literature in several dimensions. First, we investigate the effects of lending teams on pro-social lending with a large-scale empirical study. Second, the team forum data enable us to uncover the mechanisms behind the positive effects of team membership, and to verify the efficacy of these mechanisms using a randomized field experiment. 
Field Setting: Kiva
Founded in 2005, Kiva enables citizen lenders from developed countries to make loans of at least $25 to borrowers in developing countries through its online platform. Kiva partners with 238 microfinance institutions across 68 countries to select borrowers and administer its loans (Flannery 2007). These individual loans are then combined into a single loan to the borrower. Table 1 displays the summary statistics for Kiva as of February 2012. These statistics show that, while 64% of those who have joined the site have made at least one loan, the remaining 36% have never made a loan. This is consistent with previous research that finds that only a few lenders give many loans, while many lenders give few to no loans (Liu et al. 2012 ). This uneven distribution of loans results in a small group of core lenders and a large group of peripheral lenders.
To address this disparity in lending activity, in August 2008, Kiva instituted a lending teams program. This program allows any lender to create or join any number of teams. Once a team is created, it is displayed on Kiva's team leaderboard (http://www.kiva.org/teams). A lender who has joined a team is subsequently asked if she wants to assign any loan she makes to one of her teams. For a given loan, a lender may choose to assign it to either one team or no teams.
Kiva teams share a name and a motivation statement, 4 which form a basis for the group's 4 The team motivation statement can be found on each team's home page. When a team is formed, they can fill out a field called "We loan because: . . .." For example, the motivation statement for Team Canada says, "We loan because:
So little means so much. And because we are so fortunate to be able to lend with the luxury of not worrying about whether we ever see that money again, while the clients borrow with the hope and determination that they will be able to repay, and improve their lives along the way." Premal Shah suggests that the lending teams program was designed to increase lender engagement on Kiva and to make Kiva "as fun and compelling as possible." To this end, the lending teams program provides a venue for team competition. Competition is implemented on Kiva through a team leaderboard. The team leaderboard sorts teams by the total loan amounts that their team members have assigned to them "this month," or "last month" or "all time." 5 As of March 2014, the top five lending teams displayed on the leaderboard are "Atheists, Agnostics, Skeptics, Freethinkers, Secular Humanists and the Non-Religious," "Kiva Christians," "Guys Holding Fish," "milepoint,"
and "Team Canada." 6 Since Kiva teams were designed to increase lender engagement, these findings suggest they may benefit from a clearer understanding of how team membership motivates member behavior.
To investigate this question, we draw on naturally occurring data on Kiva and a randomized field experiment. We obtain our data from two sources. First, we download data from Kiva's public application programming interface (API). This provides us with a snapshot of the information that Kiva collects about its lenders, teams and loans from February 2006 through February 2012. Our second data source comes from a Kiva data dump in April 2013, which contains encrypted loan team assignment information and a time stamp for each loan, as well as anonymized team forum messages for public users in open teams. It is important to note that Kiva does not report the amount that an individual lender lends, due to privacy concerns. While we know the number of loans each lender gives, we do not know how much money is lent for each of these loans, except that the minimum loan amount is $25. Therefore, we will use the number of loans per lender as our main outcome variable. In our empirical analysis, in addition to the number of loans, we use a proxy variable for the amount loaned. Detailed descriptions of the list of variables and our (free-text) data coding methodology are contained in Appendix A. 5 Alternative team leaderboards sort teams by new members "this month," "last month" and "all time." However, the new member leaderboards are less prominently displayed on the site. 6 7 Therefore, we assume that Kiva lender i incurs a search cost, k i , to find a borrower whose profile is a good match for her lending criteria.
Search cost can be thought of as the opportunity cost of time. In our model, we assume that lender i's search cost, k i , is an i.i.d. draw from a continuous distribution, F (·), with support [k,k]. Let
index the match quality of making a loan request, and c i > 0 be lender i's opportunity cost of making a zero-interest loan.
We further let ω i be i's initial endowment of private good, x i be her composite private good, and g i be her loan amount. If J represents the set of lenders who have made a loan to borrower j, then G j = i∈J g i is the total loan amount to borrower j. From the lender's perspective, we assume only one borrower is her best match. Therefore, we omit the subscript j in subsequent notations.
Finally, we assume that individual lenders belong to preference classes, comprised of identical preferences. Define utility as U i = U (x i , G; θ i ). For simplicity, we assume the utility function is quasilinear,
where v(·) is lender i's value function for the public good; k 0 i is the threshold of lender i's search cost if she does not belong to any team; and I(k i ≤ k 0 i ) is an indicator function which equals one if lender i decides to search and zero otherwise. We assume that v(·) is concave. We first consider the case of a lender who does not belong to any team. This lender first decides whether to incur cost k i to search among the thousands of borrowers. If she chooses to search, we assume that she will find a borrower who matches her criteria and will subsequently make a loan.
By contrast, if a lender belongs to a team, we assume that members within a team have identical preferences with regard to the public goods. In other words, team members agree on which loan 7 For example, a lender can choose among 2,552 loan requests on January 31, 2014. 8 is the best fit for the team, θ i = θ j ≡ θ t , for i, j ∈ T . This assumption is based on our similarity analysis which is explained in detail in Section 5. Using the Kiva API data, we explore two types of similarity: location and motivation. For each type of similarity, we first calculate the lenderlender similarity between each pair of lenders. Then, for each lender, we find the average of these lender-lender similarities for each existing team, giving us a lender-team similarity between each lender and each team. Finally, we break the teams into those that the lender has and has not joined and take the average of these lender-team similarities in each subset, treating each team as a unit.
Doing so gives us both an ingroup and an outgroup lender-team similarity measure for each lender.
The results of this analysis show that lenders are more locationally and motivationally similar to their team members than to non-team members. 8 After establishing lender-team similarity, we next explore the effect of lending team competition and coordination on lender behavior. If a lender belongs to a team, in addition to her utility from private and public goods consumption, we assume that she cares about her team ranking. The extent to which she cares is represented by the parameter, γ i ∈ [0, 1]. Using the Kiva API data, we estimate the equation, ln(Rank) = a − b ln(total team loan), and obtain the parameters a = 10.208 and b = 0.504. Based on this estimation, we make the assumption that the team ranking function, R(G t ), is increasing and concave in the total amount of team T 's loan, G t . 9 We then modify the utility function (1) to the following:
Going through the same exercise, we can derive conditions under which G t ≥ G 0 . A lender will search if k i ≤ k t i . It can be shown that k t i ≥ k 0 i if γ t is sufficiently high. Therefore, we obtain our first proposition. Proposition 1 (Team Competition). When team ranking is sufficiently important to a lender, a lender who belongs to a lending team will be more likely to search and to make more loans than a lender who does not belong to any team.
Proof: See Appendix B.
If, instead of emphasizing on team competition and ranking, team members coordinate by recommending loans to each other, thus reducing the search cost. If the lender with the lowest 8 For the motivation similarity measure, the average ingroup lender-team similarity is 0.014 and the average outgroup lender-team similarity is 0.009. A signed-rank test indicates that this difference is significant at the 1% level (p < 0.0001, two-sided test). For the location similarity measure, the average ingroup lender-team similarity is 0.417 and the average outgroup lender-team similarity is 0.099. A signed-rank test indicates that this difference is also significant at the 1% level (p < 0.0001, two-sided test). See Section 5 for the details of our similarity analysis. 9 Alternatively, if lenders are motivated by warm glow instead of team ranking, using the specification in Andreoni (1990), we can obtain similar results.
search cost conducts the search, the likelihood that a lender who belongs to a team will conduct a search is [1 − F (k i )] n−1 ≤ 1. Therefore, the lender's expected utility function in the lending stage becomes
This leads to our second proposition.
Proposition 2 (Team Coordination). A lender who belongs to a lending team where members recommend loans to each other will be more likely to make loans than a lender who does not belong to any team.
It follows that if a team successfully emphasizes competition and coordination, the combined effects separately identified in the two propositions will be stronger.
Empirical Analysis
In this section, we present the findings from our analysis of the naturally occurring field data obtained from Kiva, examining whether joining a team increases lending activity. We also explore the factors that might differentiate active teams from dormant ones.
Team membership and lending behavior
We first examine whether joining a team increases individual lending. Based on Propositions 1 and 2, we expect that joining a Kiva team will increase individual lending when team members have a strong sense of team identity and coordinate to reduce search cost. Thus, in the Kiva setting, we expect the following hypothesis to hold: The vertical line through August 2008 denotes the time when teams were introduced as an option on the Kiva site. While lenders who join teams lend more than those who do not join teams, given the behavior of these lenders before the team system was implemented, this difference may reflect a self-selection bias. That is, it is possible that lenders who join teams are simply more active on Kiva in general. Without further analysis, it is unclear whether Kiva's team design has any effect on overall lending or whether it simply shifts the most active Kiva users into teams. To control for any potential selection bias, we employ an instrumental variables analysis. We begin with the following econometric model:
where average loans i is the average number of loans (loans/day) given by lender i, joined team i is a dummy variable for whether lender i has joined a team, and Demographics i represents demographic variables including location, gender/type, and occupation. We find the variable joined team i to be correlated to the error term ε i , verified by a Hausman test (p < 0.0001). Therefore, we instrument for joined team i using a version of the lender-team location similarity measure. This measure is inspired by the empirical network science literature which tries to explain why users join certain communities. It is often observed that people tend to associate with others whom they perceive as similar to themselves in some way, a phenomenon known as homophily in the sociol- 
Figure 2: Location similarity hierarchy
The location similarity between two lenders i and j is denoted l ij ∈ {0, 1, 2, 3}, defined as the level of their closest common parent node. For example, if two lenders are in two different countries, the similarity score will be 0. If Lender 1 is from Ann Arbor, MI and Lender 2 is from Chicago, IL, their closest common parent node is the US, giving these two lenders a location similarity of 1. However, if Lender 1 is from Ann Arbor, MI and Lender 2 is from Detroit, MI, their closest common parent node will be Michigan, giving them a location similarity of 2. Therefore, a higher location similarity between two users indicates closer jurisdictional proximity between two 12 users. For this measure, we assign a location similarity of 0 to all pairwise comparisons where at least one lender does not provide location information to Kiva. 10 The location similarity between lender i and team T is defined by l iT = j∈T l ij /|T |.
This instrument is calculated by taking the maximum of the similarity measure between each lender and each team,l i = max T l iT , i.e. the similarity between lender i and her most similar team, regardless of her membership in that team. We expect this measure to affect lending activity only through its correlation with whether the lender joins a team. In what follows, we discuss the two requirements for the validity of the instrument.
First, regarding the requirement that there exists partial correlation between the instrument and "joined team," we expect this correlation to exist due to the large number of location-based teams.
Using teams' self categorization, we find that 69.99% of the 22,605 teams are location-based. 11
Furthermore, in our two-stage least squares IV regressions displayed in Table 2 , the F -statistic on the maximum location similarity instrument is greater than 100 in all cases, eliminating potential weak-instrument problems. Thus, our first stage is strong.
Second, regarding the exclusion restriction requirement, i.e., the instrument influences the lending activities only through its correlation with whether the lender joins a team, we argue that the maximum location similarity does not enter the second stage, as the correlation between the instrument and lending activities is only 0.037. Furthermore, it is exogenous, as the maximum location similarity is the similarity between a lender and her most similar team regardless of whether she belongs to the team. Indeed, only 0.49% of the lenders belong to the team which has the maximum location similarity. Lastly, one might argue that lenders who live in large cities, and therefore more likely to have teams with which they are more similar according to our instrument, might tend to lend more. However, we find that this is not the case. Using a 1673-person random subsample of our lenders who provide their city information, we find that the correlation coefficient between the average number of loans and the population of their cities of residence is -0.0028.
The results of the two-stage least squares instrumental variables regression are displayed in Table 2 . This table shows the results of two specifications of the regression. Columns (1) and (2) show the results of the first-stage regressions while columns (3) and (4) show the results of the second-stage regressions. In both specifications, we include only lenders that have made at least one loan, ignoring those who have signed up for Kiva but not done anything on the site.
Columns (1) and (3) present the results of a regression with no demographic variables included.
We find that increasing the maximum location similarity measure by 1 increases the probability of joining a team by 4.49%, and joining a team increases the number of loans given per day by 0.04. 10 This measure can also be seen as the worst case scenario, where we assume that each lender who does not provide location information lives in a different country. 11 See Appendix A.4 for the average member similarity in teams for each category.
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This represents an increase of about 1.2 loans per month, or at least $30 per month, since Kiva's minimum loan amount is $25. Note: Significant at the: * 10%, ** 5%, and *** 1% levels.
Columns (2) and (4) This specification does not provide substantially different results from the first specification. Any differences are due to either the restriction to a more engaged set of lenders or the inclusion of these two demographic controls. When we run the original regression (no demographic controls) but for the subset of lenders included in the second regression (with demographic controls) in Table   11 in Appendix C, we find that lenders in this subset are 4.72% more likely to join a team if their location similarity measure increases by 1, and joining a team increases their lending by 0.057 loans per day (1.7 loans per month, or at least $42 more per month). Including the demographic controls reduces this to about 0.05 loans per day or at least $38 per month.
Finally, in columns (5) and (6), we repeat the regressions from columns (1) to (4), but using ordinary least squares rather than an instrumental variables regression. We find that the IV estimate of "joined team" is 0.0397, while the OLS estimate is 0.018. Thus, the IV estimate is more than twice as as large as the OLS estimate, indicating that the OLS estimators might suffer from the attenuation bias as a result of the correlation between "joined team" and the error term.
In Table 3 , we repeat the exercise in Table 2 , but use a proxy lending amount, rather than the number of loans, as the dependent variable. Since Kiva does not release the amount loaned, for each loan request in which a lender participates, we divide the total amount requested by the Note: Significant at the: * 10%, ** 5%, and *** 1% levels.
number of lenders who participate, and use this as a proxy for the amount that this lender loans.
The results are robust. We find that lenders who join teams on average make $42 more in loans per month compared to those who do not belong to any team.
Overall, the results indicate support for Hypothesis 1, and show that joining a team significantly increases lending activity. We next explore the mechanisms which might explain this finding.
Underlying mechanisms for team effects
Based on our theoretical analysis, we expect that both team competition (Proposition 1) and coordination (Proposition 2) will increase the lending activities of team members. To examine the mechanisms by which this might occur, we analyze the characteristics of team forum discussions on Kiva. We do so to obtain insight into the underlying mechanisms that motivate members of successful teams. For example, we observe that members of high ranking teams often refer loan requests to other team members, as seen in this post from a member of a highly ranked team:
I just loaned to Diarra's Group in Senegal. The featured borrower is a mother of 4 who sells vegetables. With the earnings she takes care of her children, mainly by buying food for them. Please kindly consider supporting this loan. Thanks! www.kiva.
org/lend/664224
In this case, by pointing to the url link of a specific borrower (or borrower group), the lender saves the search costs of fellow team members. To identify team-prompted motivations, we examine two aspects of these team forums: the number of links to specific loans each month, and the number of members who have posted to the forums for the first time in that month. The number of links to specific loans measures the extent to which the forums facilitate coordination towards specific loans, while the number of members who post for the first time measures the level of activity and engagement of the team.
In addition to team coordination, we examine forum postings for messages that reinforce team competition. For example, a lender from an active team posted the following forum message:
Except for July, when the Mormons surged to pass the $1,000,000 mark, we've steadily been increasing our lead on them. We've been slowly gaining on India. However, Trolltech is gaining on us, and Nerdfighters, with huge membership and lending numbers are rapidly outpacing all sorts of teams. They will soon be outdoing us in doing good.
This type of message appeals to members' competitive motivations. In particular, when a lender joins a team, particularly a highly-ranked team, the team leader board provides a level of prestige that the lender may wish to maintain or surpass. If competition motivates engagement, then we would expect that teams close to overtaking another team or being overtaken in terms of number of loans will attract more loans from their members. To explore this possibility, we first calculate each team's monthly percentile in terms of number of loans, as well as the loan differences between teams just above and below them in the rankings. Loan percentile is calculated as the number of teams with strictly fewer cumulative loans divided by the total number of teams (multiplied by 100). For the percentile and loan difference variables, we expect the month-to-month change to be more relevant to lending than the absolute values, so we calculate their first differences and then lag them by one period. Since we also wish to examine an interaction term between a team's percentile and their loan differences with other teams, we center the rank and loan difference variables before calculating these interaction terms. These possibilities yield the following econometric model, where we also include the lagged lending to account for persistence:
We run the above model as a fixed-effects regression with i denoting teams and t denoting months. Table 4 displays three specifications of this regression. 12 In column (1), we run this Note: Significant at the * 10%, ** 5%, and *** 1% levels.
regression on all teams. Note that all of the included regressors are significant at the 1% level.
These results show that both the number of url links posted to a team's forum and that team's movement on the leaderboard significantly affect lending behavior. A team with one more link in the forum gives 0.16 more loans per month, or about one more loan per month for every six links.
Also, a team with a 1 percentile decrease in rank gives 0.16 more loans in the next month.
Our results further show that there is a large amount of persistence in the number of loans a team gives in a month, as evidenced by the large coefficient on the lagged number of loans. In addition, when a member posts for the first time, lending increases by 0.85 for the month. This could be due to the poster's loan as well as loans by other members. We also see smaller effects when a team's loan difference to the team above it or below it increases. In these cases, a team lends more, indicating a desire to maintain their current rank against other teams. Note that the coefficient on the "below" variable is about twice as large as the coefficient on the "above" variable,
showing that teams care more about maintaining vs. improving their rank.
In column (2), we restrict our attention to teams that have at least five members; this yields a subsample of about a third of the teams. This group is of interest because it is the sample for our field experiment. In column (3), we restrict our attention to teams ranked in the top 500 teams at some point in their history, with the expectation that team ranking might be more important for those ranked higher on the leaderboard. This ranking is based on the total number of loans in the teams' histories. The results of these regressions show very similar results. One difference is that when we restrict our attention to highly-ranked teams, the coefficient on percentile change doubles from the case where we include all teams. This indicates that highly-ranked teams care more about changes in rankings, and will respond more strongly than lower-ranked teams when these changes occur.
Together, these analyses indicate that coordination and competition messages on team forums are each correlated with increased lending activities. However, effective teams often use both types of messages. To separately evaluate the effects of coordination and competition, we run a field experiment that targets teams' forums, using both url links to specific loans and goal setting to determine the separate effects of competition and coordination on lender behavior.
Experimental Design
In this section, we describe the design of our randomized field experiment. This experimental design allows us to separately investigate the effects of coordination through a reduction of transaction costs and competition through goal setting on increasing lending behavior on the Kiva site.
Our randomized field experiment takes advantage of the design of Kiva's team system. When a team is formed on Kiva, it receives a dedicated forum accessible to only that team's members. Our initial analysis of forum messages shows that highly-ranked teams often set goals and coordinate their lending around specific borrowers. Our experimental design draws on the team forum component in two ways. First, we utilize the forum as a means of posting messages to teams. Second, we use the nature of the forum messages to study both coordination through a reduction of search costs and competition through goal setting.
Specifically, we implement a 2×2 between-teams factorial design in which we vary the content of our posted messages between our treatment groups. Along one dimension of the experimental design, we vary whether the message includes a link to a specific borrower. Along the other dimension, we vary whether the message includes a team-competition related statement. Since
Kiva sends a daily email summary of all messages on a team's forum to all team members, we know our experimental message is pushed to each team member's inbox. In comparison, in the Goal-NoLink treatment, in addition to the introduction message, the lender sets a goal for the team to improve their ranking on the leaderboard: "Hi, I am [ ], and I am new to the team. I just credited my first loan to the team. If each of us make a $25 loan in the next month, we will improve our rank."
Lastly, in the Goal-Link treatment, in addition to the introduction message, the lender both provides a link to a specific loan, and sets a specific goal for the team: Recall that open teams are those any Kiva lender can join. From this initial pool, we exclude those with fewer than five current members, as such teams may consist of members with additional relations across them, such as family or friends. After eliminating these teams, we arrive at a sample of 550 teams. We then assign each team to the control or one of the treatment groups, using stratified random assignment.
This stratified random assignment is based on the level of team activity. While some teams have generated many loans, most teams have generated four or fewer loans. 13 To ensure that our treatments are balanced, we classify teams into three levels based on the number of loans they have given in their entire history: 100 or fewer loans, 101 to 1,000 loans, and more than 1,000 loans.
We then randomly distribute the teams into the treatments evenly within these subsets.
Note that between assigning teams to treatments and running the experiment, 14 teams changed status and were thus dropped from our sample. Specifically, 8 teams switched from open (any Kiva user could join) to closed (joining required approval by the team captain) and 6 were disbanded.
These 14 teams were distributed amongst the treatments as listed in Table 5 . This yields a final sample of 536 teams, with a total sample size of 22,233 lenders across all teams.
Before running the experiment, we run pair-wise Kolmogorov-Smirnov tests of equality of distributions based on observable team characteristics to verify that our randomization works well in most dimensions. The results of tests show that the number of forum messages, words in the forum messages, team members who post forum messages, URLs posted per lender, plural pronouns (such as we, our, etc.), singular pronouns (such as I, me, etc.), loans and lenders do not differ significantly between any two treatments. Thus, the Kolmogorov-Smirnov tests do not reject the hypothesis that these values are drawn from the same distribution. However, for the number of days each team has existed, the Kolmogorov-Smirnov test finds differences significant at the 5% level between the Goal-NoLink treatment and the other three treatments where we post a forum message (NoGoal-NoLink, NoGoal-Link, and Goal-Link). 14 In addition, for the number of loans 13 The median number of loans of all teams in the data dump is 4. As our sample is comprised of teams with more than five members, the median number of loans given is 50.
14 The mean number of days that a team has existed in each treatment is as follows: NoGoal-NoLink -879.35 days; 20 per member per number of days each team has existed, this test finds a difference, significant at the 10% level, between the Goal-NoLink treatment and the control, and between the Goal-NoLink treatment and the NoGoal-NoLink treatment. 15 To implement our experiment, with Kiva's permission, we create 50 experimental lender identities. We choose lender names from among the top 25 most popular male and female first names and the top 50 most popular last names based on the 1990 US census. We choose lender locations as the capital city of each of the fifty states. We then randomly match names with locations. We To select the borrowers that would receive loans for our experiment, we use four criteria:
1. To ensure that the loans we select are not fulfilled immediately, we select loans where the requested amount is at least $1,000.
2. For the same reason, we select loans where the amount yet to be fulfilled in the request is above 50% of the original request.
3. To ensure sufficient timing, we choose loans that will not expire within the next 5 days.
4.
To provide a consistent borrower profile across treatment groups, we choose only loans requested by individual borrowers.
Our experiment takes place in a three-week span between October 8 and 25, 2012. In each week, we make loans and post forum messages on Monday, Tuesday, Wednesday and Thursday (except for Thursday, October 11). The experimental process for each day is as follows:
1. Among the active loans available that day, we randomly select 50 loans, each of which satisfies all four criteria listed above. It was our intention to not repeat any loans for any team. However, 1 loan was repeated (separated by six days).
NoGoal-Link -890.61 days; Goal-NoLink -783.94 days; and Goal-Link -897.04 days. 15 The mean average number of loans for the control and treatments is as follows: Control -0.0120; NoGoal-NoLink -0.0102; and Goal-NoLink -0.0098 2. We then make 50 $25 loans through our experimental lenders, each attributed to a different team. The teams are evenly distributed among our five experimental conditions. The order that these teams are treated is randomized.
3. We then post 40 forum messages through our experimental lenders, one on each of the corresponding team's forum. As 10 of our teams are in the control group, we do not post any messages to those teams' forums.
We then monitor the forum messages and lending activities for each team in the subsequent month. Here is one example of how team members responded to our forum message in the Goal- Paul. In the three-week period, our experimental lenders make a total of $13,725 of loans, each of which credited to the team that they belong. We then observe the subsequent lending behavior of members of the teams in our sample for a month to analyze the effects of our forum messages.
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Using the Kiva data dump on April 27, 2013, we run our analysis of lending behavior at the individual lender level. With this data, we are able to observe the behavior of lenders both before and after our treatment, allowing us to perform a difference-in-differences analysis. Along with analysis that includes all lenders, we also separately analyze lenders who join active vs. those who join inactive teams. To define team activity, we examine the recent history of the teams' forums.
We consider a team to be active as long as at least one member of the team has posted at least one message within the year before we begin our experiment. 16 Using this definition, we find that approximately one quarter of the teams in our sample are active. 17 We also note that members of active teams make significantly more loans than those in inactive teams in the year before the start of our experiment (19.09 versus 6.67 loans per person, p < 0.001, two-sided rank-sum test).
We then further define lenders who join active teams as being exposed to forum messages, and those who do not to be unexposed to forum messages. The breakdown by treatment of these various categories is displayed in Table 6 . 18 Our experiment provides several results. First, Figure 3 indicates that treatment messages increase lending activity for lenders from previously inactive teams when we include the 4 days 16 The first day of the experiment is October 8, 2012, so a team is considered active if someone has posted a forum message from October 7, 2011 to October 7, 2012. 17 This percentage of inactive teams applies generally to teams with at least five members. 18 Since our randomization is at the team level, and lenders can join multiple teams, 3% of the lenders in our before and after the treatment (top panel). 19 In comparison, we find that the treatment effect is less pronounced for lenders from active teams (bottom panel). This is verified by difference-indifferences regressions of the number of daily loans a lender makes on whether the lender has received a forum message, as represented below:
where numloans is the number of loans contributed by lender i on day t. In the above specification, the treatment dummy, message, has a value of one if lender i has been treated with a forum message on or before day t and zero otherwise. Furthermore, the term, u i , represents a full set of lender effects while the term, v t , represents a full set of time effects. The message coefficient thus provides a difference-in-difference estimate of our pooled treatment effect. 2) Significant at the: * 10%, ** 5%, and *** 1% levels.
3) Full set of day and lender dummies included. Table 7 displays the results of this difference-in-differences regression. The columns indicate 19 The day that a team in the control was treated is defined as the day that team would have been treated had they been assigned to a treatment. All control teams are randomly assigned to days in the same way as the other teams are.
25 different window sizes (e.g., the "7-Day" specification includes data from 7 days before and 7 days after the treatment). We also run the regressions separately for the subset of active vs. inactive teams, clustering standard errors at the individual level. Doing so yields the following result:
Result 1 (Effect of Forum Message on Lending Activity). Lenders on inactive teams who are treated with a forum message make 0.007 more loans per lender per day, or 0.2 more loans (at least $5) per month, compared to those in the control condition, in the month before and after treatment. There is no significant treatment effect for lenders on active teams.
We interpret this finding as an indication that forum messages have a significant effect on lenders unused to seeing such messages. To better understand how these messages impact their recipients, we conduct a difference-in-differences regression without pooling the treatments. The specification for this regression is as follows:
where the treatment dummy variables, nogoal nolink, nogoal link, goal nolink and goal link each have values of one if lender i has been treated in the respective treatment on or before day t and zero otherwise.
The results of this regression for all teams, inactive, and active teams are displayed in Tables 8,   9 and 13 (Appendix C), respectively. Standard errors are clustered at the individual level for each specification. We summarize the results below.
Result 2 (Goal Setting and Coordination: All Teams). In the 14-day window, lenders in the Goal-Link treatment make 0.018 more loans per lender per day (0.25 more loans, at least $6.25, in two weeks) than those in the control condition.
In comparison, the results in Tables 9 and 13 show a differential effect based on whether the lenders have been exposed to forum messages in the past year. For lenders who do not normally receive forum messages, our Goal-NoLink messages, compared to the control, increase lending at both the 14-and 30-day windows. Within the 14-day window, individuals who receive a goal message gives 0.0118 more loans per day on average than their control counterparts. Over a month, this increase is smaller, but still significant, at 0.0080 more loans per day, or 0.24 more loans over a month, for the Goal-NoLink messages. Using the average team size of 46.7 members in our sample, this translates into 11 more loans per month.
Result 3 (Goal Setting: Inactive Teams). In the 14-day (30-day) window, lenders of inactive teams in the Goal-NoLink treatment make 0.012 (0.008) more loans per lender per day, 0.168 more loans in two weeks (0.24 more loans, at least $6, per month) than those in the control condition. 2) Significant at the: * 10%, ** 5%, and *** 1% levels.
3) Full set of day and lender dummies included. 2) Significant at the: * 10%, ** 5%, and *** 1% levels.
3) Full set of day and lender dummies included. It is also interesting to note that our competition message is fairly neutral, yet still has an impact on lending behavior. In comparison, the naturally-occurring competition messages posted to teams' forums are often emotionally charged and very specific to the team. For example, a member from an active team expresses the following goal-oriented sentiment: He has insufficient capital because his profits go to the medical expenses. With the loan he will stock new shoes to sell to students who are going back to school.
www.kiva.org/lend/523980
This distinction between our message lengths and naturally-occurring message lengths may explain the lack of effect obtained among the active groups in our treatment. In the active teams, lenders see messages much more detailed and sometimes more emotionally charged than the ones we post, perhaps on a regular basis. Thus, our shorter and neutral messages could have gone unnoticed. In the inactive teams, people rarely post messages (and none in the past a year), so our treatment stands out. The effects of our short and neutral messages should be taken as a lower bound for forum interventions.
In sum, we find that our goal-setting and coordination messages significantly increases lending for all team members in the 14-day window, whereas our goal-setting message alone increases lending for members of inactive teams in both the 14-day and 30-day window, compared to the control condition.
Conclusion
In this paper, we investigate whether team competition increases pro-social behavior in the field.
We present the results of an empirical and experimental investigation of the effect of team membership on individual lending behavior on the microfinance site Kiva. Our study yields a number of interesting results. First, our results show that joining a team increases lending activity. By employing an instrumental variables analysis, we are able to show that teams do not simply gather the most active lenders. Rather, lenders who join teams make 1.2 more loans ($30-$42) per month than their counterparts who do not join teams. In addition, we find substantial heterogeneity in team participation levels. Indeed, of the 26,000 teams on the Kiva site, more than half have not made a loan for the past year. This heterogeneity leads us to design an experiment that explores lending motivations across active vs. inactive teams.
Our experiment makes use of the Kiva forum mechanism that allows team members to post messages to each other. An initial examination of team message boards shows that some forum messages promote competition in the form of encouraging members to help the team maintain or boost its ranking on Kiva's team leaderboard. We also find that teams whose forum users post more links to specific loans are more active lenders overall. This result indicates that the Kiva forums might be useful as a coordination device where the lenders of a team can share the information of borrowers they have found on Kiva and thus reduce transaction costs for other team members.
To separately estimate the effects of competition and coordination, we implement a field experiment by posting messages emphasizing competition through goal-setting or coordination through a reduction in transaction costs. Interestingly, we find that our goal-setting and coordination messages significantly increases lending for all team members in the 14-day window, compared to the control. By contrast, merely providing a link to a borrower does not increase participation, suggesting that online communities looking to increase engagement need to provide a concrete action goal for participants.
In addition, we find that our goal-setting messages have the strongest effect on inactive teams.
This may be due to the fact that our messages remind inactive users of their team affiliation. If so, then our protocol provides Kiva with useful information on how to increase the participation of currently inactive members.
Finally, we note that our experimental results were obtained even though our messages were relatively short and neutral compared to actual member postings. This suggests that the effects of real competition or coordination messages on lender activity may be even greater than those observed in our study.
Our study advances social identity research by using a field setting to examine team competition in a large-scale empirical study of an online microfinance community, and by evaluating team identity as a design tool to increase pro-social lending. Our results also provide direct value to Kiva and similar organizations. Specifically, we provide insight into how the team structure can be used to enhance participation. Kiva has already begun implementing changes based on these findings. Now, when a team member posts a link to a specific loan, Kiva automatically displays the borrowers information and picture along with the link.
Overall, our results may help guide Kiva's further development of its system as well as provide helpful guidance to other online communities just beginning to create their systems. As online lending sites evolve, further research will be needed to understand how best to utilize site features and mechanisms to enhance participation. Our research suggests that group identity and team competition will be important considerations in promoting pro-social behavior.
Appendix A. Data Sources and Descriptions (For Online Publication Only)
In this appendix, we introduce our data sources (A.1), variable list (A.2), coding task categories for free-text data (A.3), and location similarity in teams (A.4).
A.1. Data Sources
Our data come from two sources. First, we download data from Kiva's application programming interface (API), located at http://build.kiva.org/api. This provides us with a snapshot of the information that Kiva collects about its lenders, teams and loans from February 2006 through February 2012. Two important pieces of data that we collect from Kiva's API are the number of loans each lender has made and a list of teams that each lender has joined. A full listing of the variables from the Kiva API is presented in Section A.2.
Some of these variables, such as location information, are provided in free text form, which we must process before using them in our analysis. Thus, we recruit subjects to code information which cannot be extracted from the API in a usable form. We obtain three variables from this process: lender gender/group type, occupation, and motivation for lending. For the occupation and motivation variables, lenders provide free text describing their jobs and why they are making loans on Kiva. 20 We first have the coders code a subset of lenders. We then train automatic classifiers based on these examples to code the rest. For gender/group type, we ask the coders to look at each lender's username and profile picture to determine whether the lender is male, female, a couple, a company, a family, or another type of group. For occupation and motivation, we have our coders code the lenders' free-text descriptions into occupation and motivation categories. For a complete list of the categories we employ, see Section A.3. Prior to this coding task, the researchers code a subset of these profiles and randomly place them among the lender profiles that the coders see. The coders are paid based on how many of these pre-coded profiles they match to ensure consistency and reliability.
Our second data source comes from a Kiva data dump on April 27, 2013. The data dump contains encrypted loan-to-team assignment information and a time stamp for each loan, as well as anonymized team forum messages for public users in open teams.
It is important to note that Kiva does not report the amount that a lender lends, due to privacy concerns. While we know the number of loans each lender gives, we do not know how much 20 The prompts on Kiva are "Occupation" and "How would you describe your work?" for lender occupation, and "I money is lent for each of these loans, except that the minimum loan amount is $25. Therefore, throughout the paper, we use the number of loans per lender as our main outcome variable.
A.2. Variable List
This section contains a list of the variables that we collect from Kiva. We break this data into those that concern lenders, teams, and loans. 
Comparing the search decisions, we obtain k t i ≥ k 0 i if the following inequality is satisfied:
Let
. Then (6) is reduced to the following:
Note the right hand side is always non-negative. Therefore, when γ is sufficiently high, a lender who belongs to a team is more likely to search and make a loan compared to when she does not belong to a team. Furthermore, her loan amount is at least as large as when she does not belong to a team.
Proof of Proposition 2:
To prove that a lender who belongs to a lending team where members recommend loans to each other will be more likely to make a loan than a lender who does not belong to any team, we compare the team coordination outcomes with that of a stand-alone lender.
Using backward induction, we first characterize the total and individual loan amount, G c and g c i , respectively. If team members do not care about team ranking, i.e., γ i = 0 for all i ∈ T , the total loan amount is the same as if all lenders are stand-alone, i.e., G c = G 0 .
Next, we investigate the search stage. We model this stage as a simultaneous-move game. If team members coordinate by sharing search results, the most efficient outcome is for the lender with the lowest search cost, k i < k j , ∀i, j ∈ T , to search for and announce the best-match borrower.
Other team members then make the optimal loan amount g c to this borrower. For this stage to be interesting, we assume that there exists at least one lender who would rather incur the search cost than see the borrower not funded, i.e., k i ≤ θv(G c ) − cg c i ≡ k c i . Under this assumption, the search stage contains multiple asymmetric pure strategy Nash equilibria, each characterized by only one lender conducting the search. In each equilibrium, the payoff function for the searcher is U (x i , G c ; θ) = θv(G c ) + ω i − cg c − k i , whereas that for the non-searchers becomes U (x i , G c ; θ) = θv(G c ) + ω i − cg c . We skip the equilibrium selection discussions as it is beyond the scope of this paper.
Among all Nash equilibria of the search stage, we discuss the efficient equilibrium, where the lender with the lowest search cost conducts the search and announces the results. Ex ante, 41 the likelihood that a lender who belongs to a team will conduct a search is (1 − F (k i )) n−1 ≤ 1.
Therefore, lender i's expected utility becomes:
U (x i , G; θ) = θv(G t ) + ω i − cg − k i (1 − F (k i )) n−1 .
Taking both stages into consideration, this equilibrium yields the highest efficiency. Regardless of which equilibrium is selected in the search stage, because of the reduction in total search cost, the overall efficiency is improved compared to the stand-alone case. Furthermore, as the entire team participates, it has a higher participation rate. Table 11 reports the results of the two-stage least squares instrumental variables regression, with three specifications. Columns (1) through (3) show the results of the first-stage regressions while columns (4) through (6) show the results of the second-stage regressions. In both specifications, we include only lenders that have made at least one loan, ignoring those who have signed up for Kiva but not done anything on the site. Columns (1) and (4) present the results of a regression with no demographic variables included. We find that increasing the location similarity measure by 1, which is equivalent to changing the parent location node of a pair of lenders from a country to a state or from a state to a city, increases the probability of joining a team by 4.49%, and joining a team increases the number of loans given per day by 0.04. This represents an increase of about 1.2 loans per month, or at least $30 per month, since Kiva's minimum loan amount is $25. Notes: 1) Significant at the: * 10%, ** 5%, and *** 1% levels.
Appendix C. Additional Tables (For Online Publication Only)
2) Controls included for days since joining Kiva.
Our third specification includes the demographic variables gender and occupation. Both of these variables are derived from human coders and trained classifiers. The occupation categories are treated as dummy variables. For this specification (columns (3) and (6)), we restrict the lenders included in the regression to individuals that provide occupation information and are coded as either male or female. This specification does not provide substantially different results from the first specification. Any differences are due to either the restriction to a more engaged set of lenders or the inclusion of these two demographic controls. To separate these two possibilities, the second specification (columns (2) and (5)) shows the same regression as the first specification (no demographic controls) but for the subset of lenders included in the third specification. The results from this specification show that lenders in this subset are 4.72% more likely to join a team if their location similarity measure increases by 1, and joining a team increases their lending by 0.057 loans per day (1.7 loans per month, or at least $42 more per month). Including the demographic controls reduces this to about 0.05 loans per day or at least $38 per month. Table 12 is a version of Table 4 (in the main text) that, in each specification of the fixed effects regression, controls for team size. This version is excluded from the main text due to a high degree of correlation between the number of members in a team and the number of lagged loans (ρ = 0.85). The results with these specifications are largely similar to those in Table 4 , with no coefficients changing sign or becoming insignificant at the 1% level. An increase of one member in a team increases the number of loans that team makes each month by an average of about 0.055, meaning an increase of about 18 members in a group will increase monthly lending in that group by 1 loan. This is true whether we restrict our attention to teams with at least five members or to the top 500 teams. Note: Significant at the * 10%, ** 5%, and *** 1% levels. Table 13 displays the results of the differences-in-differences regression on the active teams.
While our "Goal" treatments increase lending activity for the inactive teams, they do not for the active teams. None of our experimental treatments significantly increase lending in the active teams. 2) Significant at the: * 10%, ** 5%, and *** 1% levels.
3) Full set of day and lender dummies included.
